INTRODUCTION
The cloud cover penetration and regular repeat cycle of the ERS-1 S A R make it a potentially valuable data source for use in tropical forest monitoring. This potential is assessed using images from the 35 day repeat cycle, collected over the Tapajos National forest, Aniazonia. The study also makes use of Landsat TM images of the region. In addition to the remotely sensed data extensive fieldwork has been carried out in the area.
Dynamic behaviour is observed in inulti-temporal ERS-1 imagery and methods to identify and measure change are discussed. Many areas of pasture and bare soil are readily discriminated from more vegetated areas.
Correlation between backscatter and rainfall data in the areas of pasture and bare soil suggests that the temporal differences are due to soil moisture variations. However, some areas of pasture show less dynamic behaviour; mathematical niodelling is used to show how the smaller than expected change in backscatter (between wet and dry days) inay be related to soil roughness.
DATA DESCRIPTION
The primary data source used was a multi-temporal sequence of ERS-1 PRI images of the Tapajos national forest. Calibrated imagery from three dates (22105192, 31/07/92 and 18/12/92) was examined, a section of the December image is shown in Figure l Visual interpretation of the ERS-1 and T M data was used to guide fieldwork in the Tapajos region in August 1994. A general aim of the fieldwork was to carry out an extenrive land usc survey to produce d ground data nuip for u x i n this and future work using remotely sensed data. A particular a i m was to visit areas that show dynamic behaviour in the ERS-1 multi-temporal imagery. Areas of primary and regenerating forest (of ages between 3 and 30 years) were also visited in order to acquire quantitative measureiiients for use in radar remote sensing shidies.
Daily rainfall measurements for the Tapajos region (corresponding to the acquisition period of the ERS-1 data) were supplied by the Bra zi 1 ia n Meteorol ogica 1 Office.
USE OF MODELS IN SAR IMAGE INTERPRETATION
Microwave backscattering inodels were used to clarify possible information sources, and to try to understand observed effects. Volume scattering calculations are based on the Michigan Microwave Canopy Scattering model, MIMICS [l] . For surface scattering, use is made of the Kirchhoff, sinall perturbation and Michigan empirical models .
Visual analysis of the multi-temporal ERS-1 data reveals several areas which are readily distinguished by their variation in backscatter (up to 3 dB). However, other areas of pasture and bare soil did not exhibit such changes.
Rainfall measurements show that on the day of acquisition of the December image (and the preceding two days) no rainfall was recorded; in the May image there was rainfall on the day of acquisition and in the July image there was rainfall one day before. Therefore the soil moisture content is likely to have been lower for the December image than on the other two dates. Backscatter niodelling is now used to explain why sinal1 changes in soil moisture give rise to observable radar cross section variation only in some areas of the image.
The inputs to the small perturbation, Kirchhoff and
Michigan enipirical soil inodels were systeinatically varied in order to find the conditions which gave best fits to observations from two pasture areas showing large and small seasonal variation. All three models predicted a decrease in soil ~noisture from July to December, the Michigan Empirical iiiodcl Cind S m a l l Perturbation model returning the same values for soil moisture a t both dates. This decrease in soil moisture content is i n agreement with the daily rainfall data. All three models also predicted that the region showing less dynamic behaviour was rougher than the area showing fluctuations in backscatter (although each quantified the surface roughness differently). The modelled angular response of backscatter from areas with the RMS soil height variation (S) and the volumetric soil moisture content (Mv) predicted using the Michigan empirical soil model is shown i n Figure l(b) . The uppermost curve in this Figure shows the predicted return froiii a 10m deep leafy canopy with trunks. Note that at an incidence angle of 23O the forest response lies between the returcs from the rougher area at the two soil moisture states, and the small differences between the forest and bare soil would make them hard to distinguish.
The first stages of forest regeneration were siniulated by omitting the trunk layer froiii the MIMICS model. The results for canopies of thickness 1 and 2 in are also shown in Figure l(b) . Note that in the cases illustrated the canopy is assumed to lie over the dry smooth soil surface, shown as the lowest of the bare soil returns.
It can be seen that even a small amount of regrowth causes the backscatter to tend towards that for a full canopy, especially at higher incidence angles. Large differences occur only near nadir. At 23O incidence angle there' is less than 1 dB difference between the backscatter from a 2 metre vegetation layer and the backscatter from the forest canopy. This illustrates the problem of using ERS-1 for detection of areas of forest regeneration, unless images are gathered very soon after deforestation.
DATA ANALYSIS TECHNIQUES
The large area of farmland shown in Figure l (a) was used for a quantitative coniparison of change detection algorithms. This area shows a large dynamic change in backscatter across the three dates of imaging. Four approaches to change detection were applied to the iniages taken on 31/07/92 and 18/12/92 to determine their suitability for forest/non-forest discrimination: Simple averaging [2] ; g a i n r a maximum a posteriori (GMAP) filtering [ 3 ] ; siiiiulated annealing [4] ; and segmentation [5] .
Previous studies [2] have indicated that change detection using image ratios needs considerable data averaging to give useful classification results. An error rate of 10% when classifying regions whose radar cross section is separated by 1 dB requires the equivalent of 256 independent looks to be averaged. For 3-look PRI data, inter-pixel correlation means that this condition is inet if blocks of 18 by 18 pixels are averaged. The July and December images were block averaged separately, and the December image was then subtracted from the July image. This technique will measure change but an operational forest monitoring system requires autoniatic detection of change. This is achieved by thresholding the difference image; the effect of a 1.5 dB threshold applied to the difference image is shown i n Figure  l(c) . All pixels where the backscatter in the July image is 1.5 dB higher than the December image are white; the remainder are black. The large area of farinland can be seen in all three thresholded images, as are other areas of nonforest situated along the Santareni--Cuiaba highway (running from top to bottom of the image, 011 the right hand side of the large farinland area) and ou two other perpendicular roads. At a threshold level of 1.5 dB we would expect 3% of the pixels found in Figure l (c) to be false alarms.
Using the GMAP filter the difference iniage (not shown) displayed marked speckle effects, and was considerably less useful than the results of the other methods.
Simulated annealing is essentially an attempt to find the global MAP reconstruction of the image. The calibrated (dB) images were annealed separately after a similar preaveraging as before. Subtracting the December image from the July image and thresholding at 1.5 dB as before leads to Figure l(d) . Typically, annealing finds much more sinall scale structure than the other methods (streams are visible within the area of farmland).
A multi-diiiieilsional segmentation was also performed (in this case using all 3 dates) to learn all the edges in the image, at a false alarm rate of IO-? Visual comparison with the original data confirills that segments faithfully reproduce iiiiage structure; the thresholded segmented image is shown in Figure l (e).
CONCLUSIONS
Forest/non-forest discrimination is possible using two images acquired under different soil moisture conditions, as long as the soil surface is not too rough; rough soil appears to give similar response to primary forest under all reasonable soil moisture conditions. Note that the iniportant condition needed is a change i u soil moisture; this is not a seasonal effect (in our data the dry conditions occurred during the raiiiy season, but the wet conditions occurred during the dry season).
Even a sinal1 ainount of regrowth gives similar backscatter to primary forest at the angle of incidence of ERS-1, although there is a weak treud of backscatter increasing with age in both observations and model results.
Non-forest areas can be automatically detected by thresholding difference images.
Pre-processing using simulated annealing or segiiientation to reduce speckle greatly increases the accuracy of this forest/non-forest discriniination but both detect small areas of change in primary forest areas. These methods are fairly machine intensive but the run tiiiies are still low enough for them to be viable for operational data analysis. Averaging blocks of pixels to reduce speckle produces results comparable to the inore sophisticated methods as the window size increases, but cannot be used for sinal1 area detection.
An automatic iiionitoring systeni to detect changes in forest boundaries would therefore need to acquire images soon after deforestation and before significant regrowth could occur. Since images uuder wet and dry conditions are also required i t seenis likely t h a t images need to be acquired on a monthly basis.
This approxiinate figure needs proper analysis based on RCS saturation time for regrowth, rainfall probability as a function of season and seasonal likelihood of forest clearing. 
